ABSTRACT A reasonable structural decomposition method is the foundation of studying the error propagation mechanism precisely. In this paper, a new Function-Motion-Action-Part (FMAP) structural decomposition method is proposed to analyze the mapping model between the geometric dimension of part and output errors of a mechanical product. First, the meta-action unit (MAU) theory is extended to the part layer, and the MAU structure and the MAU chain are redefined. Second, according to the coordination characteristics of the parts in MAU, the error expression model of the parts and the error propagation model of the MAU assembly process are established. The state-space model of the MAU output error is further established so as to complete the mapping model from the geometric dimension of manufactured parts to the precision of the MAU. Then, according to the characteristics of the kinematic error propagation between the MAUs, the input and output error indexes of the MAU chain are determined, and the error propagation model in the MAU chain is established based on the radial basis function network. Finally, the methodology is applied to a numerical control rotary table to verify the effectiveness of the FMAP structural decomposition method for the error propagation mechanism analysis.
I. INTRODUCTION
The precision analysis of mechanical product is the primary task to be solved in the design phases. How to provide an effective and accurate approach to analyze error propagation mechanism becomes a critical issue for predicting the product accuracy. Due to the complex structures and hundreds of parts, the error propagation model has always been a hot research topic.
The precision characteristics of products are mainly determined by geometric dimension of manufactured parts, relative position errors, kinematic errors, and contact accuracy. Of course, there are other errors, such as thermal errors, which are related to the operating state. Therefore, we do not discuss them in this paper. Geometric dimension of manufactured
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parts and relative position errors are mostly studied in the static assembly accuracy analysis, while kinematic errors and contact accuracy motion precision are considered in motion precision analysis. The traditional method on static error propagation mechanism is mostly based on multi-body system kinematics theory [1] , [2] . The product is regarded as a multi-body system [3] , and the error propagation path is determined according to the analysis of system topological structure. This method is mainly to study the static accuracy of a few sub-assemblies decomposed from the product or several parts of a sub-assembly. On the other hand, kinematic error research mostly analyzes the products consisting of fewer parts or key moving parts [4] , [5] , without considering the assembly errors of the supporting parts. Lin and Ehmann [6] decomposed the motion of multi-axis machines into several joints, and defined the geometrical errors, kinematic errors and thermally induced errors as the error sources. However, the key joints rather than all the moving parts were analyzed in his method. In this paper, we propose a new error propagation mechanism analysis method with considerations of assembly errors and motion accuracy, which can contain all relevant errors and does not require cumbersome calculations.
Mechanical products are usually assembled by hundreds or thousands of parts. When analyzing problems such as product error propagation and failure mechanism, the calculation process will be cumbersome, the result will be in large calculation errors due to the large number of parts if the propagation model between parts is established directly. The Meta-Action Unit (MAU) theory is proposed on the concept of motion modularity, and an analytical approach to motion and power transmission between the product and parts is proposed subsequently. After introducing the MAU concepts, the basic kinematic unit is taken as the research object to focus on the analysis of the kinematic layer and distinguish the relational model between the inter-MAU and intra-MAU, which makes the modeling granularity refined and the model more accurate. For error propagation mechanism analysis, the MAU error model considers error propagation from parts to MAU and MAUs to product simultaneously, which can give a more accurate description of the error propagation process. The MAU theory was first introduced by Professor Genbao Zhang of Chongqing University in 2015 [7] . It greatly facilitates the research of reliability [8] , [9] and precision characteristics of products. Yu et al. [10] decomposed a machine into metaaction units based on the meta-action concept and defined the abnormal motion performance of the unit as the meta-action failure mode, verified the practicality and advantages of MAU method in reliability analysis. At present, the advantages of MAU theory in the reliability analysis of mechanical products have been widely recognized by many experts, and the application of MAU theory to other product quality characteristics is being carried out in an orderly manner.
Based on the MAU theory, we further extend the MetaAction Unit to the part domain and establish a novel Function-Motion-Action-Part (FMAP) structural decomposition method. What is more, it is the first time that we apply it to the error propagation mechanism research. In generally, there are three kinds of traditional structural decomposition trees used in product analysis. The first one is the Function-Behavior-Structure (FBS) hierarchy system [11] - [16] , or Function-Behavior-State [17] , [18] , or its extended model [19] - [22] , which is constructed based on the functional tree, as shown in Fig. 1(a) . It is often established to express the functional requirements in the design phase. The second kind is the Product -Component-Part (PCP) system [23] , as shown in Fig. 1(b) . It provides the basis for material purchasing and material management at the stage of product manufacturing. Based on this, we can develop the product structure tree or the product bill of materials [24] , [25] . Besides, this system is often used in the analysis of error transmission [26] . The third is the AssemblySubassembly-Part (ASP) decomposition method based on assembly relationship, as shown in Fig. 1(c) . In order to suit the requirements in the assembly stage of product [27] , [28] , virtual assembly planning and design [29] , [30] should be usually carried out in the design stage. The ASP hierarchy system can graphically express the assembly sequence to guide assembly tasks. And it is also applied in the study of assembly tolerance modeling [31] , [32] . These three structural decomposition methods are applied in different stage of the product manufacturing process, mainly to denote the subordinate relationship between part and product. But they cannot reflect the relative motion state, error, and force transfer relationship between parts. The functionality and performance of complex mechanical products are realized through the interaction of parts (including force, moment, friction, wear, vibration, motion accuracy, etc.) in accordance with the ''Action-Motion-Function'' mode. The FMAP structural decomposition method takes ''Action'' and ''Motion'' as the core concepts and can solve the shortcomings of traditional methods well.
According to the structural characteristics of MAU, the influence factors of error propagation between the inter-MAU and intra-MAU are different. The accuracy of the MAU is mainly determined by the assembly accuracy, and the influencing factors of the assembly accuracy include the geometric dimension of manufactured parts, assembly process, assembly technical ability and so on. For manufacturing plants with mature technology, the influence of assembly process and assembly technology capability on the accuracy of MAU is stable. In accordance with established the standard quality management system, the influence degree of the factors can be determined by long-term evaluation. The accuracy of the MAU is formed by accumulating the geometric accuracy of parts in the assembly process. Therefore, the accuracy modeling of intra-MAU is mainly to analyze and model the error propagation in the assembly process of parts. State Space Model is a commonly used dynamic time-domain model in control theory [33] . In recent years, the state space model is frequently applied to express and predict the deviation of multi-process assembly process [34] - [37] , the advantages in solving the problem of discrete system is verified [38] . The multi-process assembly process of intra-MAU can be modeled as a multistage linear system, and the state transition equation is especially suitable to express the error propagation in MAU assemblies.
After the assembly of MAU chain, the output error of single MAU has an effect on the relative position error between the two MAUs. In turn, different assembling stresses appear in contact surfaces of inter-MAU because of different relative position errors, which will make the output error of single MAU change. There is tight coupling relationship between the two kinds of errors. In addition, the relative motion precision of MAU will be affected in the process of transmitting force and moment, and the contact stress of the two MAUs also has an influence on the contact accuracy. Besides, the relationship between them is non-linear and difficult to measure. Difficult as it is to determine the error propagation relation between the two MAUs, the input error and the final output error of the MAU chain can be obtained. The Radial-Basis Function (RBF) neural network can approximate arbitrary non-linear function and deal with the complicated intrinsic law of the system, which also has good generalization ability [39] , [40] . Compared with the traditional BP neural network, it has the advantages of global approximation, fast convergence speed of learning and minor calculation [41] . Therefore, we can solve this black-box problem which determines the internal relationship of the system by using the input-output data based on the RBF neural network [42] , [43] .
Based on the Meta-Action Unit (MAU) theory, this paper presents a new Function-Motion-Action-Part (FMAP) structural decomposition method, which applied to analyze the error propagation mechanism. Considering that the error propagation mechanism of intra-MAU is interpreted as a superposition process of the dimension error and position error of each part in different coordination forms, we establish a state space model of the MAU assembly error. With considerations of the error propagation characteristics of inter-MAU, the radial-basis function neural network is adopted to solve the error propagation problem. And a practical example about a NC rotary table is carried out to detail the analysis steps of this method.
II. FUNCTION-MOTION-ACTION-PART STRUCTURAL DECOMPOSITION METHOD
Function-Motion-Action-Part (FMAP) structural decomposition method is represented as a top-down tree structure. And the complex mechanical product is divided into functional layer, motion layer, met-action unit layer and part layer, as shown in Fig. 2 . The basic action unit is defined as Meta-Action Unit (MAU). The function layer represents the basic function of machine product, such as the transportation function of automated guided vehicle and the feed function of NC rotary table. The motion layer shows every movement that realizes the product function by linkage control, such as the rotation motion of harmonic gear drive, the piston braking and loosening motion of NC turret. The MAU layer contains all MAUs of the motion, and a MAU layer is a MAU chain. The part layer represents the be-all parts that constitute the MAU.
The principles below should be observed during the FMAP decomposition of mechanical products: (1) The independence between different motions should be followed. There is no transmission relationship between motions only in time sequence. Therefore, the temporal relation between movements is not considered when decomposing. For complicated products, the motion layer also can be decomposed into the sub-motion layer; (2) The motion and power are transmitted by MAUs, and the MAU layer is sequentially decomposed according to the transfer relationship; (3) The structural integrity of a single MAU should be reflected. The part layer contains all the parts that guarantee the movement of MAU, and only the features related to the action are considered for the shared part.
A. META-ACTION UNIT CONCEPTS
Definition: Meta-Action Unit (MAU) is defined as a whole of all relevant parts that implement a basic action. MAU is the basic unit to transmit motion and power of mechanical products, and it is the smallest granularity to realize an action. The MAU is named after power output part and its movement form. There are two categories of MAU in mechanical products, translation MAU and rotation MAU. The translation MAU realizes the most basic translation action, such as piston translation MAU and slider translation MAU. The rotation MAU actualizes the most basic rotation action, such as worm shaft rotation MAU and gear rotation MAU.
MAU is composed of power input part, middle part, support part, fastener, and power output part, as shown in Fig. 3 . The part receiving or providing power source in the MAU is named power input part, such as the power input gear of the worm shaft rotation MAU. One function of the middle parts is to transmit motion and power, and another is to ensure the correct position of the power input part and the power output part, such as various connecting keys, rotating axles, location pins, bearings, axle sleeves, and so on. The fasteners are the parts of MAU that function as connection, fastening, anti-loosening, and sealing, such as all kinds of screws, springs, sealing rings, covers, etc. The support parts are generally such parts as bearing housings, boxes, and bases. The power output part is a terminal motion and power output part of the MAU, such as the worm of worm shaft rotation MAU.
B. META-ACTION UNIT CHAIN CONCEPTS
Definition: A combined chain of several MAUs that complete a motion according to the power or motion transmission direction is called a Meta-Action Unit chain. A MAU chain consists of an input MAU, multiple middle transmission MAUs and an output MAU, as shown in Fig. 4 , in which the final motion performance of output MAU is the kinematic capability of subassembly.
The main error sources influencing the product precision are the geometric dimension of manufactured parts, relative position error, kinematic errors, and contact accuracy. The MAU theory takes the basic motion unit as the research object. Most of the parts that form the MAU are assembled together in a fixed connection. The movement of MAU is achieved through the bearing or guide. Consequently, the main reason affecting the assembly errors of MAU is the geometric dimension of manufactured parts; and the main influencing factors of error propagation from the previous MAU to the next MAU are the relative position error, relative motion precision and contact accuracy of the two MAUs. Both assembly error and motion accuracy are taken into account in the MAU theory. The research on the precision of intra-MAU is mainly in the assembly error, while the precision of inter-MAU is studied mainly based on motion accuracy. It solves the problem of unreasonable decomposition granularity when studying the accuracy of mechanical product in the past. It provides an important link between the geometric dimension of manufactured parts and the accuracy characteristics of mechanical products and offers a new method for the product error transmission research.
III. ERROR PROPAGATION MODEL OF INTRA-MAU
Based on the analysis of the MAU structure, for most MAU, the main assembly forms of MAU parts contain middle part assembled with middle part, middle part assembled with power output part, middle part assembled with support part, middle part assembled with power input part and power output part assembled with support part. Since the main research in this paper focuses on the error propagation mechanism problem, the fastener assembling is not explored in detail here. For rotation MAU such as worm shaft rotation MAU, the helical teeth of the worm shaft can be considered as the power output part, the worm shaft and bearings are the middle parts, the transmission gear is regarded as the power input part. The geometric errors of the worm shaft, bearings, box and transmission gear are finally superimposed into the accuracy of the worm shaft rotation MAU by assembling. For translation MAU such as nut translation MAU, the workbench is the power output part, the nut is the power input part, the linear guide is the support part. The workbench and nut are assembled together to perform linear motion along the linear guide. The geometric errors of workbench, nut, and linear guide are finally superimposed to form the precision of the nut translation MAU after assembly. The assembly process of MAU can be analogized to a multistage dynamic system. By establishing the state space equation, the spatial pose error of the power output part can be calculated, and then the output error of MAU can be obtained.
Before establishing the error propagation model, the following assumptions are made: (1) Rigid body assumption, i.e., all parts of MAU are considered rigid bodies, the assembly error of MAU is accumulated by the geometric errors of each part. (2) Rigid mating surface, that is, each interfaces of mating parts deviates rigidly from the theoretical position in the assembly process. (3) Small error assumption, the geometric errors of each mating element are minuteness when compared to the geometrical dimension of parts. 
A. SVERAL COMMON ERROR REPRESENTATION MODELS OF MAU
The spatial position and posture of part can be described by the coordinates of six degrees of freedom in the space coordinate system O-XYZ, where x, y, and z represent the translation along the coordinate axis in the coordinate system, α, β, and γ stand for the rotation encircling coordinate axes in the coordinate system, as shown in Fig. 5 . The error representation models can be used to obtain the error values of parts. The parts of MAU are joined together by different forms of coordination, and the constrained degrees of freedom vary with different forms of coordination. When the degree of freedom in a certain direction is constrained, the error in this direction is also generated. The errors in all constrained directions will lead to the spatial position and posture errors of part. The precision of MAU is formed by the final superposition of the spatial position and posture errors of all parts. The output errors of MAU are reflected as the spatial position and posture errors of power output part, and these errors will be propagated from the power output part to the next MAU finally.
The spatial errors of part can be represented by small displacement torsors (SDT), i.e., the small deviation of the actual position and posture of parts relative to the theoretical position and posture, where υ = (dx, dy, dz) T is a vector describing the small errors in translation direction, θ = (δα, δβ, δγ ) T is a vector describing the small errors in rotation direction. The two vectors are transformed into SDT matrix by homogeneous coordinate transformation:
The dimensional and geometrical errors of each part in MAU are superimposed continuously under different coordination forms. By building the dimensional and geometrical errors models in theoretical coordinate system, the error propagation matrix of the MAU assembly process is established, and the output error model of MAU is obtained finally. In general, the dimensional tolerance values of the part are required to be larger than the geometrical tolerance values in the precision design. Therefore, the dimensional errors of the part mainly affect the positional translation in the x, y, and z directions, for example, the dimensional error between the two bearing bores in the housing determines the positional accuracy of the worm shaft in the x direction. By contrast, the error ranges of different geometrical error are different, and the corresponding constraint equations are also different. The common geometrical error types of MAU part are perpendicularity, concentricity, parallelism, flatness, position and radial circular runout. Six types of geometrical error model are proposed as shown in Table 1 .
According to the principle of geometrical errors measurement, the micro-geometry of the measured surface is irregular and difficult to mapping. For convenient application, each torsor parameter takes the maximum value in the error range, ignoring the constraint between each other.
B. ANALYSIS FOR ERROR PROPAGATION IN MAU ASSEMBLY PROCESS
The MAU is assembled by n assembly procedures. The error propagation model is used to describe the assembly errors of the MAU. Firstly, the assembly sequence and coordination characteristic surfaces of each part should be determined. Then the spatial position and posture accumulative errors of power output part in the assembly process are calculated. According to the description of the small spatial position and posture displacements in robotics, the error modeling of each MAU part can be represented by differential transformation of homogeneous coordinate transformation. T i is a matrix that describes the spatial position and posture of mating element theoretical coordinate system in theoretical coordinate system of power output part after the assembly of the ith frame. T i is given in homogeneous matrix form as follows:
Thereby the actual error transformation of mating element can be computed as follow:
where dT i is the differential transformation matrix, Trans (dx i , dy i , dz i ) is the minimal translation transformation of actual position and posture of mating element in theoretical coordinate system of power output part, Rot (δα i , δβ i , δγ i ) is the corresponding minimal transformation in rotation direction.
If is defined as:
Accordingly, can describe the error transmission of the part at the ith MAU assembly station from the theoretical coordinate system of mating element to the theoretical coordinate system of power output part. Since the small variables ( ) can be simplified approximately as sin = , cos = 1, the formulas in reference given by Jastrzebski [44] are further simplified, and the differential error vectors at the ith frame d i and δ i are given as follows: (7) and (8) , the formulas will be further simplified by neglecting small quantities. Moreover,
The differential translation vector d k and differential rotation vector δ k with respect to the actual position and posture of power output part in theoretical coordinate system in the kth frame of MAU assembly process can be represented in the following form:
where R i −1 can be defined as the 3 × 3 error rotation matrix with respect to actual position and posture of mating element in theoretical coordinate system of power output part after the assembly of the i-1th frame. In like manner, P i −1 can be defined as the 3 × 1 error translation vector. Thus, the 6 × 1 error vector X (k) of power output part at the ith frame is:
where x, y, z are N ×1 error translation column vectors. Similarly, α, β, γ are the N × 1 error rotation column vectors. These vectors can be derived from design tolerances or measurement errors. And, x = ( x 1 , x 2 , . . . , Equation (9) can be rewritten as (10), shown at the bottom of this page.
C. STATE SPACE MODEL FOR MAU ASSEMBLY PROCESS
It is necessary to establish state and output equation based on the state space model to describe the spatial position and posture states of power output part. Therefore, ω (k) is defined as a 6 × 1 vector with respect to the actual variation of the part being assembled at the kth step in theoretical coordinate system. X (k + 1) is a 6 × 1 vector describing the total errors of power output part accumulated after the kth MAU assembly station, which will turn into the state input for k+1th MAU assembly station. y (k) is r × 1 output vector describing the position and posture errors of MAU power output part.
The state and output equation of MAU assembly process can be written as:
where A(k) is the identity matrix, F(k) is 6 × 6 matrix that transforms the dimensional and geometrical errors from theoretical coordinate system of mating element to theoretical coordinate system of power output part in the kth frame. C(k) is an r × 6 error output matrix obtained by measuring the assembled MAU, and r is the number of output error variables.
IV. ERROR PROPAGATION MODEL OF MAU CHAIN A. INDEXES DETERMINATION FOR THE ERROR PROPAGATION MODEL OF MAU CHAIN
In order to establish the RBF neural network model of MAU chain, the independent and dependent variables of the fitting function should be determined firstly. Known from the analysis, the transitive error index values and relative position error values between MAUs in MAU chain can be taken as independent variables, the output error index values of the output MAU can be used as dependent variables. And then, the input and output parameters form the functional relation. According to the results of the state space equation of the MAU assembly process in Section 3, a 6 × 1 output error vector is calculated to describe the deviation in the position and orientation of the power output part of an individual MAU in theoretical coordinate system. Afterwards, in line with the output error vector of the previous MAU and the spatial posture of the power output part of the next MAU, the error propagation indexes of the two MAUs which defined as C = [C 1 , C 2 , . . . , C n−1 ] can be counted. The relative position error values of the MAUs are defined as P = [P 1 , P 2 , . . . , P n−1 ]. And there can also be multiple types of error propagation indexes.
The output error index values of mechanical product, or in other words the final output error parameters of the MAU chain terminal, can be measured, which defined as
After these indicator values are determined, the radial-basis function neural network can be utilized to establish the relationship between the transitive error, relative position error and the output error.
B. THE ERROR PROPAGATION MODEL OF MAU CHAIN BASED ON RADIAL-BASIS FUNCTION NEURAL NETWORK
Radial basis function (RBF) neural network is a threelayer forward network composed of input layer, hidden layer and output layer. With regard to the n MAUs in the MAU chain, the transitive error index values and relative position error values between MAUs are defined as the input layer and described by an M-dimensional input vector X = [C 1 , C 2 , . . . , C n−1 , P 1 , P 2 , . . . , P n−1 ], thereinto, M = 2 (n-1). The output error index values of product are defined as the output layer and described by a J -dimensional output vector K = [K 1 , K 2 , . . . , K J ], in other words, there are J neurons in the output layer. Thereupon, the structure of RBF neural network is established as shown in Fig. 6 .
For convenience of expression, the input layer is given as:
and the output φ ( X − X i ) of ith hidden neural node is the basis function,
is the center of basic function. φ 0 is a threshold and the output is constantly equal to 1, the weight of jth neuron in the output layer associated with it is represented as ω 0j . When inputting k sets of samples, the output layer can be formulated as follows:
where ω ij is the weight between ith neuron in the hidden layer and jth neuron in the output layer. The Gaussian function is generally used as the basis function, and φ (X k , X i ) can be represented in the following form:
where
is the standard deviation of the basis function, I is the number of neurons in the hidden layer, d max is the maximum distance between the selected cluster centers. Finally, the cluster centers X i and output weights ω ij can be obtained by self-organization algorithm learning training of RBF neural network.
V. APPLICATION
This method is applied to analyze the error propagation mechanism of NC rotary table, and it is the first time that we simultaneous analysis the four different error sources, i.e., geometric dimension of manufactured parts, relative position errors, kinematic errors, and contact accuracy. The feed function of NC rotary table is decomposed into the braking and loosening motion and the rotational indexing motion. The error propagation is the main research in this paper; therefore, it mainly focuses on the analysis of rotational indexing motion. The rotational indexing movement of NC rotary table is decomposed into motor gear rotation MAU, worm shaft rotation MAU and worm wheel rotation MAU. The worm shaft rotation MAU is taken as an example for further part layer decomposition, as shown in Fig. 7 .
A. ANALYSIS AND CALCULATION FOR ERROR ACCUMULATION AND PROPAGATION IN MAU ASSEMBLY PROCESS
As shown in Fig. 8 , The output error of worm shaft rotation MAU is determined by the spatial position of the worm after completing its assembly. Therefore, it is necessary to establish the state space model of MAU assembly process.
The worm shaft rotation MAU is assembled by several assembly steps. Firstly, the key mating elements affecting the output error of worm shaft rotation MAU are extracted according to the assembly sequence and the error code is determined, as shown in Table 2 .
Secondly, 30 sets of parts in a batch produced by a rotary table are measured, the error code M 208 is measured by vernier caliper, M 217 and M 219 are measured by outside micrometer, and the remaining errors are measured by coordinate measuring machine. And the measured values of the key mating elements of worm shaft rotation MAU are obtained, as shown in Table 3 . The measured values of key matching features are converted into 1 × 6 error vectors according to the corresponding error model. The output errors of each worm shaft rotation MAUs are calculated in the light of the state space calculation method in section 3, as shown in Table 4 . Since the α direction is the power output direction, the output error is described as a 1 × 5 vector.
The output errors of motor gear rotation MAU and worm wheel rotation MAU are calculated by the same steps.
B. ANALYSIS AND CALCULATION FOR ERROR PROPAGATION OF INTER-MAUS
For the NC rotary table, the indexing error and repositioning error are identified as the final output error indexes. Accordingly, the two-dimensional output vector of RBF neural 
, where C 1 and D 1 represent the angle deviation of the gear pair axes of motor gear rotation MAU and worm shaft rotation MAU in β component and γ component, P 1 is the relative position value of the two MAUs, C 2 and D 2 are defined as the angle deviation of the gear pair axes of worm shaft rotation MAU and worm wheel rotation MAU in β component and γ component, P 2 is the relative position value of the two MAUs. According to the results of the last subsection, the input error index values between motor gear rotation MAU and worm shaft rotation MAU are listed in the Table 5 , the input error index values between worm shaft rotation MAU and worm wheel rotation MAU are shown in the Table 6 . The error index values of 30 NC rotary tables assembled in the batch are measured. The measuring device comprises an autocollimator and a regular polygon mirror, as shown in Fig. 9 .
The measured indexing error and repositioning error of CNC rotary table are the output of RBF neural network, as shown in Table 7 .
According to the input and output data above, using the newrb function provided by the MATLAB neural network toolbox, the RBF neural network model for error propagation of MAU chain is created. It is trained by using the data from the 6th group to the 30th group as training samples. And then, the data from the first group to the fifth group are validated as test samples. The comparison chart and residual chart of actual value and predicted value are obtained, as shown in the Fig. 10 and 11 .
It can be clearly exhibited from the graphs that the predicted value is very close to the actual value, and the changing trend of them is almost same. The relative average error between them of indexing error is 7.8%, and the error of repositioning error is 10.6%. Considering the influence of sample size, we confirm that the error propagation model of MAU chain based on RBF neural network can meet the requirement.
VI. CONCLUSION
The traditional structural decomposition methods of mechanical product mostly focus on parts or assemblies considering static characteristics, which are not suitable for error propagation mechanism modeling research. In this paper, based on the Function-Motion-Action-Part structural decomposition method, the function of product is decomposed into several MAU chains that transmit motion and power, the parts that ensure the correct movement of individual moving parts are divided into each MAU, so as to find the connection between the geometric dimension of parts and the accuracy characteristics of mechanical product. The accumulative dimension error of parts in the MAU assembly process is considered. And the relative position error, relative motion accuracy and contact accuracy of inter-MAU are also comprehensive consideration. This method solves localized problem that the static assembly error is considered simply in traditional error propagation method and provides a more effective and accurate method for the research of mechanical product error propagation mechanism. In the future, we will consider more complicated mechanical structure, such as the cases including parallel chains and multiple chains, and form a more complete MAU theory. Our objective is to establish a more effective analytical approach of motion and power transmission between the product and parts, thus making a breakthrough in the research of quality characteristics of mechanical products. She is the author of more than 40 academic papers, 11 invention patents, and two copyrights of computer software. Her research interests include mechatronic product reliability technology and modern quality engineering. She has presided over 20 projects, such as the National Natural Science Foundation Youth Foundation, the Natural Science Foundation Key Projects, the National 863 Projects, the National Major Projects, and the Transverse Projects of Enterprises.
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